We present models for prediction of activation energy barrier of diffusion process of adatom (1) (2) (3) (4) islands obtained by using data-driven techniques. A set of easily accessible features, geometric 
I. INTRODUCTION
The development of computational approaches that enable long time simulation of atomic system that reveal rare events responsible for system dynamics and morphological evolution is an ongoing research topic. The kinetic Monte Carlo (KMC) method 1,2 that approximates a system evolution as succession of state-to-state Markov walks dictated by rates of all possible processes is taken as one of the method of choice in such studies. In KMC, the probability to execute a process is proportional to its rate and the time advanced after each process execution depends inversely on the sum of the rates of all possible processes in the system. The rate for atomic diffusion processes on surface follows Arrhenius rate expression from transition state theory 2, 3 = 0
where k ij , r 0 , E a , k B and T are the rate of transition from state i to state j, an attempt frequency, activation energy barrier of the process, the Boltzmann constant, and the absolute temperature, respectively. The quantity is the energy difference between the maximum energy in the minimum energy path (MEP) and the energy of the stable initial configuration on which the process in question executes. For a given interatomic interaction, various methods [4] [5] [6] [7] are in use to compute the MEP and then an of a process. Although such a calculation using a semi-empirical interatomic interaction is orders of magnitude faster in comparison to the first principles calculation based on density functional theory, it is still computationally intensive. Not surprisingly, attempts have been made to predict activation energy barriers from other considerations. Such studies can broadly be classified as methods that infer Ea from other quantities and those that directly predict Ea. Along the first category, a correlation between the diffusion barrier of atomic or molecular species and their binding energy on transition metal surfaces is proposed as 12% of the binding energy, 8 the energy of end state and energy difference between the final and initial configurations 9 and 10 , respectively. In chemical reaction studies: Michaelides et al. 11 infers Eas of dissociative reactions in heterogeneous catalysis using enthalpy change, refs.
12-14 infer a linear correlation between the transition state energy and the final state energy in elementary steps by exploring the bond breaking reaction of diatomic molecules on surface catalysts, Jacob et al. 15 showed oxygen p-band center as measure of pervoksite compounds catalytic activity. These correlations provide a convenient tool for prediction of barriers which would enable computational screening of catalyst. In the second category, simplified approaches based on the counting of broken and newly formed bonds [16] [17] [18] [19] and sophisticated ones based on cluster expansion 20, 21 , genetic programming 22 , and artificial neural network 19, [23] [24] [25] [26] for vacancy migration barrier are used.
In island diffusion study, although repeated calculation of barriers of the different possible single-atom, multi-atom, and concerted processes can be avoided by using pattern recognition scheme, for example in the self-learning kinetic Monte Carlo (SLKMC) method 27 , even one time calculation of barriers of those processes for every system is a time consuming task. In this work we use data-driven methods to analyze the variation of the activation energy barriers of a set of systems, for which a large data base has been acquired using SLKMC. We then generate local geometric and energetic descriptors that might serve predictors of these energy barriers for related systems. These descriptors are then used to develop predictive model to efficiently calculate barrier of process of new systems.
In what follows, we explain the computational details including considerations in descriptors generation and basics of models in section II, results including comparison of predicted and calculated barriers in section III, and offer conclusions in section IV.
II. COMPUTATIONAL DETAILS A. Database of energy barriers of diffusion processes
In this study, information about the geometry of island before and after execution of a process and the energy barriers of 844 processes are taken which are collected from our SLKMC study of homo-epitaxial dimer to tetramer adatom island diffusion of Ni, Cu, Ag, and Pd systems.
Those barriers of are calculated using drag method with embedded atom method (EAM) 28 interaction in a system consisting an adatom island of interest on 5-layers of substrate each with 256 (16x16) atoms. The details of the method is explained in ref 27, 29 
B. Descriptors selection
To choose descriptors, we analyze the variation of barrier of processes executed by the same adatom of an island on different target sites on underlying substrate and different configurations that enables us to guess quantities which are different in those processes as a possible source of the variation of barriers. As source, we consider the initial and final geometry of an island, the local neighborhood on the top substrate layer and some energetic quantities. The selection of descriptors and their sufficiency is very crucial to get high correlation between the predicted barriers using a model and the calculated barriers. The rational used in the identification of descriptors is explained in this section by taking some example processes of Pd island on Pd (111) surface. In the following figures, the adatoms are represented by filled blue circles, bond between them by red lines, executed processes by black lines with arrowhead and substrate by orange lines on which atom exists at each node. In the trimer island shown in Fig.1 , the initial configuration has 3 bonds among adatoms on which the final configuration formed after execution of process I and II in Fig. 1 (a) has 1 and 2 bonds so that the changes on the number of bonds are 2 and 1, respectively. The processes I and II have barrier of 1.147eV and 0.629eV, respectively. The change in the number of bonds before and after execution of a process is taken as descriptor 1 which has value 2 and 1 for the processes Ι and ΙΙ shown in Fig.1 . This is not surprising, as it costs energy to break a bond and so the larger the number of broken bonds to be broken requires the higher energy cost. for the shown rotational and translational processes, respectively. ( explained before remain same for both of the processes, however, the barriers of process executed by atoms in A-step (A-type process) is 0.319 eV and that of process executed by atoms in B-step (B-type process) is 0.485eV, a significant variation. So, we introduce a binary descriptor 3 that takes value 0 if the process is A-type and 1 if it is B-type. ( For small size of islands, concerted motion of an island is an important contributor to the diffusivity. In Fig. 4 , concerted processes in a dimer and a trimer islands are shown for which the value of their activation energy barrier are 0.113eV and 0.155eV, respectively. Since for those processes, the values of each of the descriptors introduced before have the same value, , we add the number of atoms in the island as an additional descriptor 4 which takes value 2 and 3 for the processes shown in Fig. 4 .
A-or B-type process

Number of diffusing atoms in a process
Binding energy of adatom island with substrate ( 5 )
As shown in ref. 30 , the energy barriers of diffusion processes of Ni island on Ni(111) are in general larger than those of the corresponding processes of Cu islands on the same Ni (111) substrate. Similar trend also holds when comparing Ag and Pd systems, as can be seen in Table I in which we have summarized the energy barrier of some representative processes for several homo-epitaxial and hetero-epitaxial systems. Although our training data contains only for homoepitaxial system, we include hetero-epitaxial systems to show the general trend. Table I calculated using
where E island+subs. , E island , E subs. are the energy of a system containing the adatom island on the substrate, the isolated island, and the isolated substrate, respectively. One can see from Table II that B.E. of the Cu islands on Ni(111) are stronger than that of Ni islands on the same surface, while that of Pd islands are stronger than that of Ag islands on the same substrate. Based on the consistent relation, we consider the binding energy of the adatom island as descriptor 5 .
Lateral interaction energy among adatoms ( 6 )
In an earlier work 30 , we had emphasized the role of lateral interaction to understand the relatively smaller barriers of the diffusion processes of Cu adatom islands than that of Ni on the Ni(111) substrate. The slight difference in the binding energy of Cu and Ni islands on Ni(111) (first 2 columns of Table II ) also indicates that several factors beyond binding energy are responsible for the noticeable differences in diffusion barriers for otherwise similar processes of the Cu and Ni islands on Ni(111). To examine the role of lateral interactions in a general manner we turn here to a comparison of some frequently-executed multi-atom and concerted processes of islands of different sizes for four different systems on in Table III which has difference in kinetics (see ref. 29 ) appears as consequence of difference in barriers of their multi-atom and concerted processes. In Table III , one can make two observations: there is a noticeable difference in the barriers of concerted and the multi-atom processes for the same island configuration and that the magnitude of the difference is system dependent. We find the order to be Ni/Cu, Pd/Pd, Cu/Ni, and Ag/Ag i.e, the difference is in general large in Ni/Cu and Pd/Pd systems. Such a difference might be understood from the interatomic interaction among adatoms. One quantitative measure of such is the lateral interaction amongst the adatoms in the island which is defined by E L.I. = E island+sub. − nE mono+sub. + (n − 1)E sub.
where E island+sub. , E mono+sub. , and E sub. are the total energy of the system with the island on the substrate, a monomer on the substrate, and that of an isolated substrate, respectively. The calculated values of E L.I. for four different systems whose energy barriers are in Table III are presented in Table IV . Note again that although our training data is for homo-epitaxial systems,
we have brought hetero-epitaxial systems to clarify the ideas. Table III .
In Table IV , one can see that the Pd/Pd and Ni/Cu systems which have the relatively large difference between barriers of concerted and multi-atom processes, with low barriers of concerted processes compared to their multi-atom process barriers, have strong lateral interactions among adatoms whereas the Ag/Ag and Cu/Ni systems have relatively weak interaction among adatoms.
Due to role of lateral interaction to get understanding about variation of barriers of concerted and multi-atom on different systems, we consider it as descriptor 6 .
The distribution of values of those six descriptors, correlation between them and with the activation energy barrier is shown using scatter matrix plot in Fig. 5 The values of descriptor 5 are almost normally distributed and has strong correlation with value 0.75 with descriptor 6 indicating that the system with larger binding energy with substrate also has larger lateral interaction. Such a tendency can also be seen from Table I and Table IV in which Pd/Pd system has both quantity largest and Ag/Ag has both the lowest but it does not hold in Cu/Ni and Ni/Cu system.
The descriptor 6 (lateral interaction energy) has values in range -7eV to 1 eV and has negative correlation with the barrier of processes. The decrease of barrier of concerted processes in comparison to that of multi-atom process in system with larger lateral interaction is already discussed when describing descriptor 6 .
The values of these six descriptors and the barrier of processes are used in a data-enabled model to predict the diffusion barriers.
C. Predictive models
Multivariate linear regression (MLR)
As an initial step, a predictive model based on multivariate linear regression technique which assumes independent variables linearly contribute to the dependent variable is tested whose mathematical form is
where i represents the predicted value of dependent variable (E a of a diffusion process in this study) on the ℎ instance ( has value 844 when all data is used to develop model in this study) and x j is the value of ℎ independent variables, (j=1, 2, ..6) on the same instance. The parameters β 0 and β j s represent an intercept and the predictor x j ′ slope, respectively and ϵ represents error term on ℎ instance. Taking error function as the sum of square of errors and applying the condition of its minimization with respect to parameter βs, one can get a matrix of values of fitting parameters βs using
where X refers a matrix formed with values of 6 descriptors along column and training samples as rows, T refers the transpose operation of matrix and Y is a column matrix formed by calculated activation energy barriers, . The Pearson's correlation coefficient (R) between s and y i s is used for quantitative measure of the predictive capacity of the model which is calculated using
where N represents the sample size used to predict.
Non-linear model using Artificial Neural Network (ANN)
In this study, the possibility of a non-linear dependence between independent and dependent variables is modeled by using artificial neural network (ANN) 31 . (7) The mean square error (MSE) is taken as error function which is calculated as where I is an identity matrix, μ is a training rate parameter which influences the rate of weight and bias adjustment and JJ = (J F ) T (J F ) for J F being the Jacobian of performance function with respect to weights and biases.. In this study, the initial weight and biases are randomly selected and the initial value of the learning rate parameter μ is taken as 0.001 which is increased by a factor of 10 until the updated x k+1 results in a reduced performance after which μ is decreased by a factor of 0.1. During training, the network performance in the validation vectors is checked every epoch and if it increases or remains constant in the current step for 6 additional epochs in a row or the performance error is 0 or the gradient of the error is less than 10 −7 , the calculation is terminated.
III. RESULTS
In this section, we present results of predicted diffusion barriers obtained from using multivariate linear regression and neural network techniques.
In the first set of calculation, a multivariate linear model is formed by taking each atomic system separately. The value of R 2 obtained using Equation (6) and the expansion coefficients as obtained by using equation (5) indicates that the 6 descriptors used in this study are sufficient to explain the variability of output variable (activation energy barrier) and can predict barrier reliably. When using neural network, training, validation, and testing data sets are randomly selected from input data in 70%, 15% and 15%, respectively. The value of correlation coefficients between calculated and predicted barriers are presented in Table VI . The plots of the predicted vs. computed values of barriers of processes for training, validation, and testing data are shown in Fig. 7 the Ni excluding the barriers of the system in the training and validation process. A plot of the predicted vs calculated barriers is shown in Fig. 8 and a histogram plot of the error of predictions is shown in Fig. 9 . The close agreement of the quantities plotted in Fig. 10 imply that the predictive approach can be used to find reliable diffusion characteristics of islands of any size of any element in the set of metallic systems considered here, with a significant gain in computational time.
IV. CONCLUSIONS
We have identified descriptors that when applied in multivariate linear regression and nonlinear model using neural network data-driven approaches enables ultrafast prediction of activation energy barriers for metallic island diffusion processes with high accuracy. The accurate prediction of kinetics of new system using the barriers from the models imply that such models can be used in tools for multi-scale modeling of thin film growth and morphological evolution of metallic systems.
